While increased mine mechanization and automation make considerable contributions to mine productivity, unexpected equipment failures and planned or routine maintenance prohibit the maximum possible utilization of sophisticated mining equipment and require a significant amount of extra capital investment. This paper deals with aspects of maintainability prediction for mining machinery. A PC software called GenRel was developed for this purpose. In GenRel, it is assumed that failures of mining equipment caused by an array of factors follow the biological evolution theory. GenRel then simulates the failure occurrences during a time period of interest using genetic algorithms (GAs) coupled with a number of statistical techniques. A group of case studies focuses on maintainability analysis of a Load Haul Dump (LHD) vehicle with two different time intervals, three months and six months. The data was collected from an underground mine in the Sudbury area in Ontario, Canada. In each prediction case study, a statistical test is carried out to examine the similarity between the predicted data set with the real-life data set in the same time period. The objectives of case studies include an assessment of the applicability of GenRel using real-life data and an investigation of the impacts of data size and chronological sequence on prediction results.
Introduction
With more and more technological advances made available nowadays, the manufacturing industry is producing various types of equipment worth billions of dollars for use by the mining industry throughout the world. For instance, as per the United States Census Bureau in 2008, American mining equipment manufacturers shipped approximately $4.0 billion worth of goods [1] , compared to $2 billion in 2005 [2] . Within these 2008 figures, underground mining machinery (except parts sold separately) accounted for $1.0 billion, or 25 percent. It is worthwhile to mention that portable drilling rigs and parts accounted for $1.7 billion or 42.5 percent. In some mines, maintenance cost might take up to 50 to 60 percent of total costs [3, 4] . Today, the global economic recession is forcing mining companies to modernize their operations through increased mechanization and automation. To this end, it is desirable to design and utilize mining equipment systems with better reliability and maintainability both for engineers and mining managers. Particularly in a state of economic recession, mining companies are urged to make the best use of enterprise resources including equipment and maintenance crew while dealing with market volatility and shareholders' expectations of profitability. A number of crucial reasons for improving mining equipment reliability and maintainability are summarized as follows [5] :
(1) to maximize profit; (2) to reduce the cost of poor reliability/maintainability; (3) to reduce the performance of mining equipment services in an unplanned manner because of short notice; (4) to provide more accurate short-term forecasts for equipment operating hours; (5) to overcome challenges imposed by global competition; (6) to take advantage of lessons learned from other industrial sectors such as aerospace, defense, and nuclear power generation; (7) to improve workplace safety.
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Step 1. Initialization Generate initial population at random or with prior knowledge Step 2. Fitness evaluation Evaluate the fitness for all individuals in Step 3. Selection Select a set of promising candidates from Step 4. Crossover Apply crossover to the mating pool for generating a set of offspring
Step 5. Mutation Apply mutation to the offspring set for obtaining its perturbed set Step 6. Replacement Replace the current population with the set of offspring Step 7. Termination If the termination criteria are not met, go to Step 2.
Pseudocode 1: Pseudocode of a simple genetic algorithm [13] .
Maintainability
The earliest occurrence of the term maintainability was found in a contract in the development of the Wright brothers' airplane in which it was clearly stated that the aircraft should be "simple to operate and maintain" [6] . Today maintenance costs of sophisticated engineering systems are so high that maintainability draws great attention from scientific researchers to operations managers. For instance, a study [7] shows that American manufacturers spend more than 300 billion U.S. dollars on plant maintenance and operations. Therefore, it is understandable that the main objectives of applying maintainability principles to engineering systems are to reduce projected maintenance costs and time, to use maintainability data to estimate system/equipment availability/unavailability, and to determine labor-hours and other related resources needed to perform the projected maintenance.
A system with better maintainability would inherently provide the benefit of lower maintenance costs, less time to recover with lower breakdown frequency (design for simplicity), less complexity of maintenance tasks, and relatively reduced man-hours [8] .
Most maintainability functions use the time to repair as independent variable. It is common to use probabilistic or statistical concepts to define a maintainability function, for example, the probability density function. Let denote the time. Assuming a repair starts at = 0 and completes at time , the maintainability can be mathematically defined [2] as follows:
or
where ( ) is the maintainability function, and are time, ( ) is the repair time probability density function, and ( ) is the repair time cumulative distribution function.
From the above, maintainability is the probability of carrying out a repair within a known time period. In maintainability studies, the variable of interest is time to repair (TTR), whereas, in reliability studies, the variable of interest is time between failures (TBF). As a clarification, reliability is defined as the probability of a product, system, or service to perform its expected task under the specified conditions of use over an intended period of time [10] [11] [12] .
Genetic Algorithms and Their Applications
In 1975, Holland wrote a ground-breaking book adaptation in natural and artificial systems in which he described a general framework for understanding the mechanisms behind adaptive behaviors in a number of systems over a broad range of timescales [14] . Later on, a series of further research work [15] [16] [17] revealed further characteristics and potential applications of genetic algorithms (GAs).
A genetic algorithm imitates a biological evolution process and is often used to seek optimal solution to a practical problem, expressed by the best fitted individual string of values (representing parameters of the practical problem). GAs encode the decision variables (or input parameters) of the underlying problem into strings. Each string, called individual, is a candidate solution. To differentiate good candidate solutions from bad candidate solutions, a fitness function is needed as a measure. A fitness function could be a mathematical expression, or a complex computer simulation, or in terms of subjective human evaluation and guide the evolution of solutions to the problem. Pseudocode 1 shows the pseudocode of a simple genetic algorithm [13] .
In each of the procedures, three genetic operators will be implemented in each individual candidate solution: selection, crossover (or recombination), and mutation. In a selection operation, superior individuals will be given a better chance to reproduce the next generation, since the fitter gene has tendency to yield good quality offspring which means a better solution to any problem. In a crossover procedure, the individuals obtained from the selection procedure will exchange and combine partial solutions at a certain crossover probability. In a mutation procedure, a small portion of offspring genes is altered to form the new solution.
Research on GAs has a wide spectra from computer science [18, 19] to engineering [15, 20] and, more recently, to fields such as molecular biology, immunology, and economics [21] [22] [23] . In the mining engineering field, GAs have been used also for ore grade estimation [24] , ore grade optimization [25] , solving scheduling and open-pit design problems [26] , coal mine production scheduling [27] , and open pit equipment selection [28] . Reliability and maintainability models with or without covariates are based on the use of rigorous and complicated statistical techniques which include, for instance, theoretical probability distribution fitting and trend and serial correlation tests and require assumptions of homogeneous or nonhomogeneous Poisson process or assumptions of proportionality of the hazard rate. The assumptions and statistical constraints of probabilistic models limit the ability of these models to accurately represent and fit all real life mining conditions [29] . The authors' research offers an alternative method to the above conventional/statistical methods and provides an approach that can complement the existing maintainability techniques in an effort to contribute to better understanding of failures of capital intensive mining equipment systems over time.
GAs offer several key advantages over conventional mathematical models including simplicity of randomized searches while retaining important historical information with the population, computational simplicity; GAs search from a population of solutions, not just from a single solution, and they can handle any kind of objective function linear or nonlinear constraints defined in discrete, continuous, or mixed search spaces [15, 30] .
Overview of GenRel
GenRel is a computer software developed for reliability/ maintainability prediction based on genetic algorithms using historical data. It was developed at Laurentian University Mining Automation Laboratory (LUMAL) and runs in the Microsoft Excel environment.
In a typical genetic algorithm, variables of interest are coded. Afterwards, the processes of mate selection, crossover, and mutation circulate until the fitness function yields desired values [15] . The application of GAs in GenRel can be illustrated in Figure 1 .
In GenRel, the user can define the maximum number of iterations, the convergence limit, and the probability of mutation; see Figure 2 .
The raw data used in GenRel is derived from historical records in terms of time to repair (TTR). TTR measures the time needed to fix a failure. The distribution fitting process using the software BestFit by Palisade Corporation [31] selects the best fitted probability distribution function ( ) to the raw data. For example, take the exponential distribution [32] 
where is a TTR value, is the mean, and is the location parameter. We divide the entire raw data into two equal sets, the raw input data set and the raw evaluation data set. The raw input data set is used to generate new data sets, while the raw evaluation data is used in the evaluation process of the generated data set. Suppose
where 0 and̃0 are the means, 0 and̃0 are the location parameters, and ( ) and̃( ) are the best fitted probability distribution functions for the raw evaluation data set and for the raw input data set, respectively. In order to generate new
Step 1. perform the continuous or discrete distribution fitting for the input data (discrete distribution fitting for integer input)
Step 2. Start simulation with GA 343.0000
Step 3. Calculate and view data statistics 6.4446 Raw input data standard deviation 5.1301
Step 4. View convergence summary New generated data mean 6.0156 New generated data variance 5.5355
Step 5. View graph of convergence 5.6338 Raw evaluation data variance 4.6600
Step 6. View final iteration results
Step 7. View detailed final convergence graph Maximum # of GA iterations 15
Convergence limit of GA Probability of mutation Shape parameter 1, (for beta model) Shape parameter 2, (for beta model)
Boundary parameter min, (for beta model) Boundary parameter max, (for beta model)
The convergence limit for the genetic algorithm, to compare the difference between the mean of the generated population against the raw evaluation data mean, must be between 0 and 1. 1 > 0 this is the shape parameter for the beta distribution. 2 > 0 this is the shape parameter for the beta distribution. Min > 0 this is the lower boundary parameter for the beta distribution. Min > 0 this is the upper boundary parameter for the beta distribution. data from the raw input data, we use the inverse transform technique, or ITT [33] , by transforming the exponential distribution function into the inverse format and by generating a uniformly distributed random variable ∼ (0, 1). Then, six sets of generated data can be yielded by = −̃0 ln(1 − ) +̃0 (from (5), an inverse of the function can be expressed as = −̃0 ln(1−̃)+̃0, wherẽ∈ [0, 1]; substituting̃with the random variable yields the expression) After six simulation runs, the created six sets of new data are considered adequate for the prediction process within GenRel.
The generated data is then used for mate selection and crossover in which a random number determines the positions and total number of crossovers, yielding offspring data. Afterwards, mutation is performed at a specified rate defined by the user as mutation probability. Six sets of new offspring data follow the respective best fitted exponential probability distribution functions, denoted by parameter pairs ( , ), ( = 1, 2, 3, . . . , 6), where and represent mean and location of the respective probability distribution functions. A fitness function
is designed to measure the fitness of each individual offspring data set; for detailed discussion of this procedure, see [34] .
If the smallest value of the six fitness function values is not greater than the user-defined convergence limit, then the iterative process is terminated and GenRel is considered applicable for prediction of future data; otherwise, another iteration will be implemented as long as the preset maximum number of iterations is not exceeded and the smallest fitness function value is within a user-defined convergence limit. The convergence limit is the upper limit of deviation between the probability distribution function of the generated data set and the probability distribution function of the raw evaluation data set.
Overall, after the above described algorithmic process is successful, GenRel can be applied to predict future data. Otherwise, GenRel is considered not acceptable for prediction of future data based on the raw data under study. For details of the algorithmic procedure applied in GenRel, see [35] . Besides the exponential probability distribution, GenRel also includes other probability distribution functions (e.g., lognormal, weibull).
Implementation of GenRel
Implementation of GenRel normally encompasses four major procedures: data preparation, validation of independent and identical distribution (iid) assumption, verification of convergence, and prediction.
Data Preparation.
To fit the data into the maintenance analysis, the original data is processed in the form of time to repair (TTR).
Trend Test and Serial Correlation
Test. Prior to statistical analysis and probability distribution fitting, the data should be tested for trends and serial correlations [3] . The purpose of these tests is to verify the assumption that the data is independent and identically distributed (IID). This step is critical for the probabilistic modeling approach. If the data presents a trend or serial correlation, then the data is considered not independent and not identically distributed [33, 36] . In this case, nonstationary maintainability/reliability models are more appropriate than models based on probability distribution fitting to analyze the data.
5.3.
Verification of the Applicability of GenRel. If a specific probability distribution function can fit the raw input data, then we can utilize the inverse transform statistical technique [33] to generate new sets of data which conform to the same type of probability distribution function but with slightly different probability distribution function parameter values. In our study, six sets of generated data having the same size as the raw input data set are considered sufficient to mimic the biological process for the prediction of future failures.
To carry out the verification process of GenRel based on historical data, it is necessary to determine the convergence criteria, including the convergence limit, the probability of mutation, and the maximum number of iterations. If the smallest fitness function value of an initially generated data set through the inverse transform statistical technique falls within the convergence limit, then the verification process is considered successful; otherwise, we proceed to the crossover and mutation process, iterating the initially generated data sets, aiming to yield a set of data with acceptable fitness function value, without exceeding the user-defined number of iterations and the probability of mutation. In the case studies proposed in this paper, the following configuration is applied by the end user of GenRel in all verification and prediction processes:
(i) maximum number of GA iterations: 15;
(ii) convergence limit of GA: 0.05;
(iii) probability of mutation: 0.05.
Prediction of Data for the Period of Interest.
After the successful completion of the verification process for the input data, GenRel then can be applied to predict future data. GenRel is then run to generate the initial offspring data set of the same size as the raw input data set with the parameters values obtained from the raw input data distribution fitting process. In GenRel, six data sets are considered sufficient. In these six data sets, selection, crossover, and mutation are performed until either of the following two criteria is satisfied: (1) the fitness value of the best offspring data set falls within the user-defined convergence limit; (2) total iterations run in GenRel reaches the user-defined maximum number of iterations. Upon completion of the prediction, the t-test is used to examine the statistical similarity of the predicted data set with the raw evaluation data set; see [32] .
LHD Vehicles in Mining
A Load Haul Dump vehicle (LHD), also known as a scoop tram, is a specialized loading machine manufactured for the underground mining industry. LHDs are used to scoop extracted ore, with a bucket, load it into the bucket, and dump it in the bottom of the mine to undergo primary crushing before being hoisted to the surface out of the mine. Figure 3 shows the design layout of a typical LHD vehicle.
The Load Haul Dump vehicle concept was introduced to underground mining operations during the late 1960s. With a large bucket in front, the LHD operator sits transversely in the control compartment and drives the LHD in either direction as required. LHD vehicles are designed to perform not only loading but also the hauling function since the haulage distances underground for LHDs are relatively short. They have a large carrying capacity to vehicle size ratio. With the central pin joining design, LHD vehicles can achieve smaller turning radius compared to other similar size vehicles. These features make the LHD a particularly versatile machine. LHDs are mainly diesel powered.
Literature of applications of GenRel to analyze LHD vehicles' reliability can be found in [35, 37, 38] based on TBF data compiled from historical records. Yet, to the best knowledge of the authors, little has been done with regard to prediction of maintainability of LHD vehicles.
Data Collection and Preprocessing
Data was gathered from a mine site in Sudbury area in Ontario, Canada, on a daily basis. Operators recorded equipment hours for usage and delays every shift. This information was gathered and reviewed by mine management and organized into a spreadsheet for further analysis [39] . An excerption of the originally obtained data is shown in the left five columns in Table 1 .
Since this group of case studies is about the maintainability characteristics of the LHD vehicle, time to repair (TTR) value should be obtained. To this end, several assumptions are made as follows.
(1) If a shift is missing from the data set, then the shift is added and it is assumed that there is no failure during the added shift. (2) Machine standby time during a shift is registered separately. Table 1 illustrates an example of the final database. The example shows the date, shift code, cumulative time between failures (CTBF), work group, failure code (type of failure), time to repair (TTR), time between failures and machine standby time during a shift. (3) If a failure code is missing for a repair on a specific shift and it is less than 3 hours, an AV status code is assumed.
The case studies discussed below are based on the collected data sets. Some of the data may not be considered as sufficiently large for statistical analysis (e.g., probability fitting); however, the applicability and usefulness of the proposed methodology can be demonstrated. Table 2 shows an overview of the historical delay data composition in two different time periods, in which AV stands for available, ME for electrical failure, MH for hydraulic failure, MM for mechanical failure, MP for planned maintenance, and OW for other.
Results and Discussion
Verification of Applicability of GenRel to the Data Sets under Study.
Before GenRel is run, the validity of independent and identical distribution (iid) assumption for the data sets should be checked. Graphical tests show that the data sets under study are independent and identically distributed. Then, the verification process is aimed at providing a prescreening result of GenRel's applicability to the data set under study. In the first case, TTR data for the period of January 1, to March 31, 2006 is the data set of interest, which is to be used as raw input data set to predict repair data for the period of April 1, to June 30, 2006 , if GenRel is to be found applicable through the verification process. As described in Section 5.4, in the data input interface, TTR data for the period of January to March 2006 is divided chronologically into two parts with equal number of data entries, 35.
The first step is to find the best fitting distribution function for the raw input data set. The best fitting distribution function, given by @Risk [31] , is the normal distribution for the raw input data, with mean = 8.0057 and standard deviation = 4.115.
In the environment of Microsoft Excel with Visual Basic for Applications, a builtin function NORMINV can be directly called to generate random variables from the best fitted normal distribution with location parameter and scale parameter . In light of this convenient ready-to-use function, GenRel produces six sets of data with size identical to that of the raw input data set. These six sets of data generated through the inverse transform statistical technique constitute the initial population for the crossover and mutation operations to follow.
Next, the initial population of six sets of generated data as parents starts to cross over and mutate at a rate of the userdefined mutation probability, 0.05. Elite individuals which possess smaller cost function values have better chance to survive and to be selected to reproduce offspring through selection, crossover, and mutation. These genetic operations iterate until either the maximum number of iterations, which is 15, or the convergence limit, which is 0.05, has been reached. In this case, after one iteration, the fitness function value falls within the user-defined convergence limit, as shown in Table 3 .
Therefore, it is concluded that GenRel is applicable to analyze the data set from January to March 2006. Similarly and after four iterations GenRel is found applicable to analyze the data set from October to December 2006, as shown in Table 4 . Based on the result of the -test, it is concluded that there is no significant difference between generated data set and raw evaluation data set in terms of mean at a given level of significance of 5%.
Prediction of TTR Data for the Time Periods from
After one iteration in GenRel, a set of TTR data is acquired to project the maintenance characteristic of the LHD vehicle during the period from January to March 2007 based on historical records during the time period from October to December 2006. The software @Risk is used to seek the probability distribution function that best fits the predicted data set. The fitting result shows the normal probability distribution function is the best fit with parameters = 8.9502 and = 3.5633. At a level of significance of 5%, -test statistic is 0.63 with a degree of freedom of 100. Based on the result of the -test, it is concluded that there is no significant difference between generated data set and raw evaluation data set in terms of mean at a given level of significance of 5%.
The maintainability function of the LHD vehicle during the time periods from April to June 2006 and from January to March 2007 to describe the failure characteristic with respect to repair time can be expressed mathematically in the following equations: 
Figures 4 and 5 represent maintainability profiles for these two time periods, respectively. Table 6 shows an overview of the historical delay data composition in two different time periods.
Verification of Applicability of GenRel to the Data Sets
under Study. Similar graphical testing processes as aforementioned are implemented and show that the two data sets under study are both independent and identically distributed. Tables 7 and 8 show that after one iteration, GenRel yields an offspring data set within the convergence limit in the two cases, respectively. Therefore, GenRel is considered applicable to predict future repair data set based on the given historical data sets under this set of configurations.
Prediction of TTR Data for the Time Period from July to
December 2006. With one iteration, GenRel renders a set of TTR data to project the maintainability characteristic of the LHD vehicle during the time period from July to December 2006. It is found that this set of TTR data follows the normal probability distribution, according to the fitting result from @Risk. The normal probability distribution is defined with the parameters = 9.0221 and = 3.5256. For the prediction of TTR from November 2006 to April 2007, GenRel also yields a set of data which falls within the user-defined limit. It is found that the best fitting result is the exponential probability distribution defined with the parameters = 7.8884 and = 0.88779. Thus, the maintainability functions are shown as follows: Table 9 gives maintainability function values at representative TTRs.
Conclusion
In historical TTR data, mechanical failures (MM) consume the most repair time in all the time periods under consideration. The case studies discussed in this paper indicate a successful application of a genetic algorithms based software, GenRel, to predict maintenance characteristics of an LHD vehicle, expressed in terms of maintainability. Two separate groups of case studies at time intervals of three months and six months both present acceptable prediction results at a given level of confidence, 5%. At each time interval, two case studies are investigated and no significant impact of chronological sequence on prediction results is found. Further study is required to investigate how to incorporate the predicted results to improve preventative maintenance policies in practice in underground hard rock mines.
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